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Figure 1: We introduce OmniDiMM, an any-to-any model that jointly processes a diverse set of 1D,
2D and 3D modalities. OmniDiMM can predict any modality conditioned on any one (or multiple)
other modalities, enabling out-of-the-box cross-modality prediction across dimensionalities. The
learned multimodal representations show strong performance on downstream tasks requiring both 2D
and 3D understanding, including 3D pose prediction, grasp proposal, and object classification.

Abstract

The world appears spatially three-dimensional, however, existing large-scale multi-
modal models are often built mostly around 1D, 2D and 2.5D modalities. To move
toward a more complete and actionable understanding of physical reality, models
that natively model and generate across 1D, 2D, and 3D modalities are desirable.
We present OmniDiMM, an any-to-any foundation model trained on diverse 3D
including meshes, Gaussian splats, voxels, and NeRFs; 2D such as images, and
1D modalities like text. We develop tokenizers for diverse 3D modalities, such
as NeRF weights triplanes, UDFs, and 3DGSs, that convert them into discrete
tokens, which enables multimodal masked modeling for joint training. Out of
the box, OmniDiMM can directly perform standard tasks such as novel-view image
synthesis and 3D generation from images, where it matches or outperforms existing
specialized methods. As an any-to-any model, it can also convert between different
3D representations, such as NeRF weights and UDFs, and generate various 3D
modalities from 2D inputs, including DINOv2 features and surface normals. Joint
training across 3D modalities also leads to strong transfer performance on down-
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stream tasks such as grasping, classification, and object pose prediction. We scale
to 1T tokens across 1M objects and a 1B-parameter model. The pretrained models,
training code, and multimodal dataset will be open-sourced.

1 Introduction

Biological perception is hypothesized to be constructed by integrating multiple sensory streams [123]
such as visual, audio and haptic, each capturing partial aspects of the same underlying physical reality
(Fig. 2). Leveraging connections among diverse modalities has been suggested to be critical for the
development of biological intelligence [89]. In this spirit, recent multimodal foundation models have
expanded beyond image-text learning to natively modeling diverse 1D and 2D(/2.5D) improving
novel prediction and generation capabilities [72, 7, 65, 64]. However, we need not be limited to 1D
and 2D modalities, as computational models can directly process 3D representations of the world,
such as meshes [29], 3D Gaussian Splatting (3DGS) [52], and point clouds [78, 109] – if one can
effectively bring diverse 3D modalities into the scaled pipelines.

 
A small house with a steep 
red tiled roof, exposed 
wooden beams, a window, 
and a front door.

1D

2/2.5D

3D

Figure 2: Text, images, depth maps,
and surface normals are views of a
shared 3D physical reality. Most ex-
isting foundational models have been
trained on data representing these (com-
paratively lossy) 1D and 2/2.5D projec-
tions of reality. OmniDiMM can, in addi-
tion, operate directly on the 3D models
that give rise to these projections.

Recent works attempt to leverage 3D representations
typically by finetuning existing Vision-Language Models
(VLMs) [22, 45] to ingest a single 3D format [38, 80, 44,
30], generate a 3D output [122, 86]. or contrastively align
a 3D modality with other 1D and 2D modalities [106, 90].
However, existing approaches have not yet scaled to
model a diverse set of 3D modalities in the way they have
for 1D and 2D data [72, 7, 65, 64]. To bridge this gap,
we present OmniDiMM, an any-to-any omni-dimensional
multimodal model trained jointly across 19 diverse 1D, 2D
and 3D modalities (Fig. 1). These include 3D modalities
such as meshes, Neural Radiance Fields (NeRFs) [71],
3DGS [52], voxels, Unsigned Distance Fields (UDFs),
3D part features [60] and global features [119], which
are jointly trained with multi-view 2D modalities such as
RGB, depth, CLIP feature maps,and text (1D).

OmniDiMM unifies the heterogeneous data space of each
modality by mapping all inputs into a shared discrete
token space (Fig. 3), allowing cross-modal learning with a joint multimodal masked modeling
objective independent of the complexities of each modality. To accomplish this, we develop novel
tokenizers for 7 diverse 3D modalities by transforming these modalities into a dense space which
can be tokenized with VQ-VAE [98] based techniques (Sec. 3).

Any-to-any modeling allows controllable generation of arbitrary modalities using a single model.
Similar to prior works with 1D and 2D modalities [72, 7], OmniDiMM can flexibly condition on,
and generate, arbitrary combinations of modalities without the performance degradation typically
associated with multitask learning, covering n modalities in a single model instead of O(n × n)
task-specific models. This single any-to-any architecture enables strong out-of-the-box performance
on standard generative tasks, such as novel-view synthesis and 3D generation (Sec. 5.1), and unlocks
novel feed-forward capabilities, such as direct translation between different 3D representations (e.g.
predicting a NeRF from a 3DGS input, or a mesh from voxels). OmniDiMM also enables steerable
generation from an arbitrary combination of conditioning modalities, for example, 3DGS from text
and voxels (Sec. 5.2).

OmniDiMM also enables chained generation, where greater performance and structural consistency
can be obtained on tasks by predicting intermediate modalities (RGB → DINO → Novel Views
(RGB) → 3DGS) (Sec. 5.3). Finally, OmniDiMM learns a strong pre-trained representation for transfer
to tasks that require 3D understanding of objects for effective performance, such as pose prediction
or grasp proposal. Our core contributions are summarized as follows:

• A Native 1D-2D-3D Multimodal Model. Natively modeling 19 diverse modalities, OmniDiMM
can resolve complex queries involving arbitrary input-output combinations, demonstrating strong
out-of-the-box capabilities in 3D generation, novel-view synthesis, cross-3D translation, multimodal
retrieval and steerable generations.
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• Novel 3D Tokenization Strategies. We develop discrete tokenizers for complex 3D representations,
including NeRFs, Voxels, UDFs, and 3DGSs, enabling joint training.

• 3D-Aware Representations. Joint multimodal training of OmniDiMM yields powerful represen-
tations, resulting in geometrically consistent generations and strong downstream performance on
transfer tasks such as grasp and object pose prediction.

2 Related Works

Most recent works on foundation models unifying multiple modalities have primarily focused on
images and text [81, 57, 59, 21]. Beyond this, several works incorporate additional modalities by
unifying all input sources through tokenization [98, 23, 28], which abstracts modality-specific nuances
[72, 7, 65, 64, 83, 102, 114, 115]. In particular, works such as 4M [72], 4M-21 [7] and UnifiedIO [65]
have made large strides towards unification by jointly training a single model on a diverse set of up to
21 modalities. However, these efforts have largely omitted 3D data, which presents unique challenges.
These include handling heterogeneous representation formats, the irregular or high-dimensional
nature of its underlying structures, and the need to model complex spatial transformations.

Bringing 3D into this multimodal paradigm is an active area of research. A common strategy is to
finetune existing VLMs to ingest a single 3D format [38, 80, 44, 30] or 2.5D signals [49, 48] alongside
language, often for segmentation or grounding tasks and with the 3D components trained in relative
isolation [22, 51, 133, 45]. Other approaches learn to predict a specific 3D output [122, 86], align 3D
features with pretrained 1D and 2D embeddings via contrastive learning [118, 119, 128, 106, 90],
or perform 3D generation conditioned on other modalities [126, 93, 95, 14], usually images or text.
Although strong 2D Foundation models (FMs) exhibit some emergent 3D awareness [27] and can be
adapted to 3D-related tasks [64, 1, 131], they still cannot natively ingest explicit 3D representations,
limiting their ability to fuse 2D observations with explicit 3D geometric information. As a result,
existing approaches remain restricted to specific tasks, a small set of modalities, or a single 3D
representation. In contrast, OmniDiMM is pretrained jointly on a large-scale dataset spanning text, and
diverse 2D and 3D modalities, enabling any-to-any prediction across 1D, 2D, and 3D modalities in a
single model, unlocking new capabilities such as cross-3D translation and steerable 3D generation.

A related line of work is novel-view synthesis, which is typically addressed by specialized, camera-
conditioned diffusion-based models [61, 54, 108]. However, these approaches are often restricted to a
single fixed input type. In contrast, OmniDiMM can be finetuned for this task while being able to flexibly
incorporate more conditioning signals such as additional RGB or depth images. This same flexibility
also allows distilling powerful 3D representations developed by multi-view reconstruction methods
[71, 52, 101, 55, 103] into OmniDiMM in the form of a modality that is included during pretraining.

3 Data, Modalities & Tokenization

Training a multimodal any-to-any FM is simplified by access to an aligned multimodal dataset, which
enables the learning of inter-modality relationships [72]. To our knowledge, no such resource with
diverse modalities exists for 3D data. We therefore construct one by augmenting publicly available
3D data. For OmniDiMM, we focus on object-level mesh data from Objaverse-XL [20], as it is the
largest-scale publicly available form of textured 3D data. We use these textured meshes to create
aligned modalities through geometric transformations (UDFs, voxels, etc.), neural representations
(NeRF, etc.), rendering (RGB, depth, etc.), and pseudo-labeling (CLIP, DINOv2, etc.).

We train OmniDiMM on a diverse set of 3D, multi-view 2D and 1D modalities through joint masked
modeling of all modalities. This requires compressing data from each modality into discrete tokens.
However, techniques and models to tokenize most of the 3D modalities do not currently exist.
Therefore, we create novel tokenizers for seven 3D modalities like NeRF weights, UDFs, and 3DGSs.

3.1 3D Modalities

We include eight 3D modalities in OmniDiMM: Meshes, Voxels and UDFs to aid understanding at
varying levels of geometric detail; 3DGSs [52] and NeRF [71] weights to enable high-quality textured
3D generation; NeRF grids [39] to represent explicit spatially organized texture information and
finally Part features [60] and ULIP-2 embeddings [119], to embed an understanding of the local multi-
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Figure 3: 3D Modality Tokenization: We develop new tokenizers for 3D modalities with challenging
to tokenize data formats. We cast these modalities into a space that is compatible with well-studied
spatial VQ-VAE tokenizer architectures. A) We cast NeRF weights and part features as triplanes,
which are split into multi-channel 2D data that are each tokenized with a 2D ViT tokenizer. B) We
cast UDFs, voxels, 3DGSs and NeRF grids as dense 3D grids, which are tokenized with a 3D-CNN.
Many modalities required tokenizer-specific training changes, such as rendering losses for NeRFs
and 3DGSs and occupancy losses for Structured LATent (SLAT) latents; details are in Sec. B.

scale relationships of object parts and global semantics, respectively. We choose these modalities
to both represent different variations of geometric, semantic, and texture information, and enable
compatibility with various common 3D model types. Appendix A Sec. A provides a full description
of these modalities.

To process these modalities, we require a tokenizer specific to each 3D modality. While tokenization
of 1D [23, 96] and 2D modalities [1, 7] has been well-explored in prior works, models for the
tokenization of 3D modalities are comparatively under-developed and either do not effectively scale
to higher resolution data, are not abstracted enough to fit our modeling approach, or simply do not
exist for a given modality. 3D modalities often have a more complex structure to account for, e.g., the
consideration of empty space and non-uniform level of detail throughout a 3D model, such as the
millions of Gaussians that comprise a 3DGS [52] or the sparse structure of SLATs [112]. Such data
forms are challenging to tokenize with the well-studied techniques used for image-like and video-like
data, complicating the process of learning tokenizers for these 3D modalities.

Instead of operating directly on these modalities, we curate our modality-generation methods to
transform their complex structures into a form compatible with dense spatial VQ-VAE architectures
[98] (Fig. 3), broadly described below. Additionally, we design modality-specific loss functions to
enable high-quality reconstructions while maintaining a high level of abstraction. We include detailed
descriptions and analyses of each of our tokenizers in Sec. B.

3D as dense 2D: NeRF weights and Part features are represented as triplanes [37] predicted by
generalizable NeRF (Instant3D) [56] and part prediction (PartField) [60] models, respectively. These
triplanes consist of 3 dense multi-channel 2D feature tensors which we tokenize using a modality-
specific ViT-based [24] VQ-VAE tokenizer [98].

3D as dense 3D: 3DGSs can be decoded from a sparse 3D SLAT which encodes high-fidelity 3D
details. We densify SLATs from Trellis via zero padding to obtain a dense 3D grid representing 3DGSs.
Voxels, UDFs and NeRF grids are cast as dense 3D grids representing occupancy, distance to surface
and RGB/density respectively and we train a 3D convolutional [97] VQ-VAE [98] on top of them.

Other 3D modalities: ULIP-2 embeddings are tokenized with a Bottleneck MLP [6] based on a
discrete VAE with Memcodes [70]. Finally, for Meshes we use the pretrained Cube tokenizer [10],
which performs well on our data.
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3.2 1D and 2D Modalities

To enable OmniDiMM to learn the connection between 1D, 2D and 3D modalities, we include 8
multi-view tokenized 2D modalities and one textual modality. These are RGB images, depth
and surface normals (providing 2.5D information), canny edges [12], masks (allowing to distin-
guish objects from their background), global DINOv2 [75] features, and dense CLIP [81] and
DINOv2 [75] feature maps (last three being useful to distill strong 2D features into OmniDiMM).

3D Model

Plücker Rays

RGB

Depth

Normal

Figure 4: Multiview 2D modalities are rendered
from the grounding mesh modality which are fur-
ther tokenized per view with pretrained modality-
specific tokenizers. Plücker rays are extracted from
the camera coordinates for use as positional em-
beddings in training (see Fig. 5).

We also take non-tokenized Raw RGB as an
input, to facilitate transfer learning and simplify
the application of augmentations for real-world
adaptation. RGB, depth, normals and masks are
obtained by rendering the object from multiple
views with Blender [18]. From these renders,
canny edges are extracted with OpenCV [11],
and CLIP [81] and DINOv2 [75] features are
extracted from pretrained models. Finally, we
include captions for each object to align the
learned representation with text, and enable the
generation of both 3D and multi-view 2D modal-
ities from language prompts. We use captions
from Marvel-40M [127], and Cap3D [67, 68]
which are externally pseudo-labelled from the
meshes with GPT4-Vision [74].

We tokenize RGB and depth with COSMOS [1]
and use the ViT-based [24] VQ-VAEs from 4M
[7] to tokenize surface normals, masks, canny
edges, and dense feature maps. Lastly, we tokenize global DINOv2 embeddings with a Bottleneck
MLP [6], similarly to ULIP-2 embeddings, and captions using the Llama-2 tokenizer [96]. Fine-
tuning is required to align the pre-trained tokenizers for surface normals and masks with our data;
more details, along with the other 1D and 2D tokenizers, in Sec. B.

4 Modeling

To perform joint learning on a range of 1D, 2D and 3D modalities, we optimize OmniDiMM with
the multimodal masked modeling objective introduced in 4M [72, 7]. Following prior work [7, 65],
we represent each modality as a set of discrete tokens using modality-specific tokenizers. This
enables any-to-any prediction among a diverse set of 1D, 2D and 3D modalities OmniDiMM accepts,
thereby enabling a range of capabilities such as single or multi-view 2D to 3D generation, novel view
synthesis between any modalities, generation from text, and any other combination of conditioning
and target modalities (Fig. 7).

Dataset: We train OmniDiMM on a subset of Objaverse-XL [20], the largest publicly available 3D
mesh dataset, consisting of 1 million objects. While this dataset has a small number of samples in
comparison to the dataset used to train foundation models on 1D and 2D modalities, the wide range
of modalities and heavy masking used allows us to train a billion parameter model with only this
data. We provide more details about the dataset and modality creation procedure in Sec. A.

Model: We employ a Transformer-based encoder-decoder [99] architecture to learn joint prediction
of tokens across modalities similar to 4M [72] (Fig. 5). The only modality-specific information
provided to OmniDiMM is per-modality positional encoding of tokens. As the model requires to both
distinguish between different views of the multi-view 2D modalities, and learn their relationship
to the 3D modalities, we use a learned projection of the Plücker rays [77] corresponding to the
camera used to to generate a given token image patch [125]. We use 3D sine-cosine embeddings,
a natural extension of the standard handling of dense image-like modalities [24], to encode the
position of tokens for dense 3D modalities such as UDFs, and image-like 3D modalities relying on
triplanes. Since mesh and ULIP-2 [119] tokens are not spatially organized, we use learned positional
embeddings. For captions, we use standard 1D sine-cosine embeddings [99]. Each modality also
learns a modality-specific embedding as a unique identifier of the data class to which a given token
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Figure 5: The OmniDiMM Model: Left: We augment the tokenized modalities with a positional
embedding corresponding to their structure. We use 2D sin-cos embeddings for 3D modalities cast as
dense 2D, 3D sin-cos embeddings for 3D modalities cast as dense 3D and encoded plucker rays are
used for multiview 2D modalities. Right: OmniDiMM is a Transformer that we train on the masked
modeling objective introduced in 4M [72]. A small subset of the tokens from all modalities are
sampled as the context the transformer uses to predict a different random subset of tokens from all
modalities.

belongs. Various other components of the standard Transformer architecture were modified to
improve training performance and efficiency, detailed in Sec. C.

Data sampling: Several of the previous modalities require large token counts relative to previous
multimodal masked modeling works [72, 7] due to either the presence of multi-view data or of
complex modalities that require high token counts to compress while maintaining the required fidelity.
When training, we strongly mask our data, maintaining approx. 2% of all tokens as inputs for the
encoder and decoder. This combination of a diverse range of modalities and heavy masking would
result in key joint learning tasks being observed infrequently by OmniDiMM under a naive random
sampling scheme. To mitigate this issue, we employ a wide range of sampling mixes to cover key
tasks such as RGB to 3D and novel view 2D synthesis. We provide a complete description of the
sampling approaches in Sec. D.

Training: OmniDiMM is a 1B parameter model and was trained for 1T tokens, with 512 target tokens
being predicted from 512 conditioning tokens for each step. We use a WSD scheduler [26] for the
learning rate, with hyperparameters transferred from a small-scale proxy optimized with µ-P [120].
Please refer to Sec. E for the full training details.

5 Multimodal Generative Capabilities

OmniDiMM can generate all modalities from a given input modality (Fig. 6), where both inputs and
outputs for 2D modalities can be single- or multi-view. This enables us to perform several standard
tasks, such as novel-view synthesis and 3D generation, out of the box, while also performing other
generations, such as voxel to NeRF that existing models are not capable of.

5.1 Novel View Synthesis and 3D Generation

OmniDiMM supports both novel-view synthesis and direct 3D asset generation from one or more input
views, and can condition on arbitrary 2D modalities such as RGB images, feature maps, depth, and
normals, either individually or in combination. In both settings, we find that performance benefits
not only from the shared multi-modal pretraining of OmniDiMM, but also from richer conditioning
at inference time. For fair comparison with prior work, we primarily evaluate in the single-image
setting supported by all baselines, while also reporting multi-view results when supported.

For evaluation, we use the GSO [25] dataset and a held-out test split of Objaverse-XL [20]. We follow
the same input-view sampling protocol across tasks, using six random conditioning and target camera
poses that include both informative and challenging views, rather than restricting evaluation to only
favorable viewpoints. As shown in Fig. 7 and Tab. 1, OmniDiMM matches or outperforms existing
methods on most metrics for both novel-view synthesis and 3D generation. In the 3D generation
setting, we additionally compare multi-view conditioning, where OmniDiMM achieves the strongest
overall results.
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Figure 6: OmniDiMM can generate all modalities from a single input with a high degree of cross-modal
consistency. Modalities highlighted green are 3D, while modalities highlighted grey are multi view
2/2.5D. All 2/2.5D modalities can be generated from arbitrary viewpoints, an example of which is
given for RGB in the orange highlighted column. The model has learned useful priors about the
world (note that the leaves on the tree are almost always green, even when generated from modalities
with no texture information) which aids in generation from lower-information modalities such as
masks and voxels.

The any-to-any design of OmniDiMM also enables inference-time chaining through intermediate
modalities. For novel-view synthesis, we improve results by first predicting DINOv2 [75] feature
maps and surface normals before generating the target RGB view. For 3D generation, we similarly
find that first predicting additional RGB views and then using them as extra conditioning improves
the quality of the generated 3D assets. We explore this in detail in the following Sec. 5.3.

5.2 Any-to-Any Generation and Retrieval Capabilties

As OmniDiMM was trained with an any-to-any token prediction modality, it is capable of predicting
any 1D, 2D or 3D modality from any other modality, without constraints. This enables our model to
natively perform many tasks out of the box (fig. 8) that would otherwise either require specialized
handling, such as rendering and texturing, or would be too costly for specialized models to be trained
for, such as novel view synthesis in depth or edge image space. As we use text captions as a modality,
OmniDiMM can also steer generation of high quality textured samples from low resolution conditioning
modalities in 2D and 3D.

OmniDiMM can also perform retrieval by predicting global DINOv2 or ULIP embeddings for a given
input and matching against a pre-existing or similarly generated retrieval set by minimizing cosine
distance. Importantly, this retrieval can be performed between any modality of any dimensionality.
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Novel View Synthesis

Dataset Method PSNR ↑ LPIPS ↓ SSIM ↑ MS-SSIM ↑ FDincep ↓ FDDINOv2 ↓ KDDINOv2 ↓

GSO [25]

Ouroboros [108] 13.660 0.271 0.757 0.666 51.398 547.244 110.432
Zero123 [61] 15.262 0.239 0.793 0.742 17.046 8.633 0.744
OmniDiMM (Ours) 20.966 0.193 0.769 0.828 30.327 8.633 0.277
OmniDiMM (Ours) (C) 20.669 0.191 0.770 0.820 24.675 17.218 0.999

Objaverse-XL [20]

Ouroboros [108] 14.332 0.254 0.797 0.695 40.319 31.339 3.876
Zero123 [61] 14.721 0.238 0.816 0.746 13.667 3.601 0.361
OmniDiMM (Ours) 16.983 0.186 0.788 0.846 18.890 3.601 0.361
OmniDiMM (Ours) (C) 20.013 0.178 0.800 0.851 15.850 2.814 0.205

3D Generation

Dataset Method PSNR ↑ LPIPS ↓ SSIM ↑ MS-SSIM ↑ FDincep ↓ FDDINOv2 ↓ KDDINOv2 ↓

GSO [25]

Trellis [112] 15.552 0.254 0.766 0.691 16.141 67.613 6.435
SAM3D [13] 15.167 0.232 0.784 0.718 19.320 17.666 1.562
OmniDiMM (Ours) 16.286 0.230 0.787 0.730 45.650 76.070 7.316
OmniDiMM (Ours) (C) 17.048 0.207 0.801 0.755 43.526 74.937 6.878

Trellis (MV) [112] 16.382 0.224 0.782 0.722 16.976 60.219 5.583
OmniDiMM (Ours) (MV) 17.054 0.203 0.803 0.759 46.004 80.905 7.676

Objaverse-XL [20]

Trellis [112] 13.621 0.283 0.780 0.688 14.033 30.038 2.149
SAM3D [13] 14.484 0.261 0.783 0.696 10.407 13.435 0.792
OmniDiMM (Ours) 14.607 0.252 0.787 0.712 22.676 17.584 1.338
OmniDiMM (Ours) (C) 15.044 0.234 0.796 0.729 20.458 15.855 0.988

Trellis (MV) [112] 14.087 0.262 0.790 0.708 14.398 29.894 2.058
OmniDiMM (Ours) (MV) 15.056 0.232 0.797 0.731 20.906 16.029 1.084

Table 1: Novel view synthesis and 3D generation. OmniDiMM generally matches or surpasses
specialized prior methods for single-image novel view synthesis and 3D generation, and performs best
overall for multi-view 3D generation (MV: 6 input images). Chained generation. Using intermediate
predictions at inference time (C) further improves results: DINOv2 features and normals condition
target-view RGB synthesis, while five predicted RGB views condition final 3DGS generation.

RGB Input Trellis SAM3D OmniDiMM Ground Truth

Figure 7: Qualitative comparison of 3D generation. Our model outperforms prior single-view 3D
generation methods, especially under ambiguous, self-occluded inputs, while preserving geometric
coherence across target views. We compare against Trellis [112] and SAM3D [13], which support
arbitrary relative-pose generation. See the supplementary for additional qualitative results.

As shown in fig. 9 (in the Appendices) we find that both embeddings are useful for different retrieval
targets; global DINOv2 embeddings are effective at retrieving similar views of 2D modalities with
related semantic meaning, while ULIP is effective for matching full object geometric characteristics.

5.3 Chaining

The any-to-any design of OmniDiMM enables inference-time chaining through intermediate modalities.
During inference, instead of directly generating a target (T ) from the provided input (I), we generate
intermediate outputs (Oi) from the model and add them as additional conditioning to the model for
generating the target. Specifically:

Direct: I → T
∣∣ Chained: I → O1 then I+

j∑
i=1

Oi → Oj+1 then I+
N∑
i=1

Oi → T (1)

The intermediate outputs (Oi) can be a view of any multi-view 2D modality (RGB, DINOv2, etc.)
or any other modality (voxels, text, etc.). For novel-view synthesis, we find that first predicting
DINOv2 [75] feature maps and surface normals before generating the target RGB view produces
better results as shown in Tab. 1. For 3D generation, we similarly find that first predicting additional
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Figure 8: Capabilities enabled by any-to-any modelling. OmniDiMM is natively capable of complet-
ing a diverse array of tasks due to the any-to-any training approach. Top: NVS can be performed
with any 2D modality, and any of these chains of novel views can be used to predict 3D modalities.
Middle: Our model can up-sample low information 2D (masks) and 3D (voxels) inputs steered by
text, enabled by the caption modality of our model. Bottom left: Our model can render any 2D
modality from 3D models without requiring explicit rendering equations. Bottom right: Our model
can texture 3D models by predicting textured modalities jointly conditioned on an untextured 3D
modality and a texture to be applied.

View conditioned retrieval (DINOv2) Any modality view retrieval (DINOv2) Object retrieval (ULIP)

Figure 9: Retrieval with OmniDiMM across any modality of any dimensionality by predicting and
matching global embeddings. Left: Global DINOv2 embeddings are strongly correlated with camera
pose, enabling view-aligned retrieval. Middle: Retrieval can be done using any modality due to
our model’s any-to-any prediction capabilities. The strong view correlation of Global DINOv2
embeddings still holds across modalities. Right: Retrieval with ULIP embeddings correlates with the
geometric structure of objects and so can be used to perform view independent retrieval.

RGB views and then using them as extra conditioning improves the quality of the generated 3D assets
(see Tab. 1 and Fig. 13).

Chaining also enables the generation of high-complexity modalities such 3DGS from low-complexity
modalities such as text and voxels. We find that chaining though intermediate 2D modalities provides
guidance that enables our model to effectively answer these under-constrained tasks that it can
struggle to perform through direct prediction.

5.4 Analysis

Joint 1D-2D-3D training: In order to identify the benefits of joint training across 1D, 2D and 3D
modalities, we perform a compute matched ablation, of training only on 1D and 2D modalities. For
comparison, we test the performance of both models on a 2D task, which is, novel-view synthesis.
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Table 2: Robustness to unposed and non-canonical inputs. We progressively relax the canonical
input assumptions of OmniDiMM using predicted pose, scale/shift normalization, and camera roll.
The small gap between ground-truth and predicted-pose performance on both Objaverse-XL and the
out-of-distribution GSO dataset demonstrates OmniDiMM’s robustness to in the wild images.
Dataset Method PSNR ↑ LPIPS ↓ SSIM ↑ MS-SSIM ↑ FDIncep ↓ FDDINOv2 ↓ KDDINOv2 ↓

Objaverse-XL (2k)
GT pose 20.113 0.188 0.716 0.840 18.821 14.058 1.597
Predicted pose (pose-flow) 19.652 0.197 0.705 0.826 19.010 14.401 1.646
+ Normalized (pred scale/shift) 17.934 0.251 0.504 0.742 22.930 46.989 7.463

GSO [25]

GT pose 21.945 0.203 0.683 0.808 26.551 26.250 2.834
Predicted pose 21.642 0.209 0.674 0.798 26.721 26.497 2.916
+ Normalized (pred scale/shift) 20.201 0.244 0.517 0.744 30.625 48.290 8.535
+ Arbitrary roll (pred un-roll) 18.509 0.298 0.487 0.680 34.702 46.778 8.038

Method PSNR ↑ LPIPS ↓ SSIM ↑ MS-SSIM ↑
2D Only (500B tok) 22.911 0.152 0.783 0.833
OmniDiMM (500B tok) 23.739 0.126 0.816 0.857
OmniDiMM (1T tok) 24.151 0.121 0.819 0.864

Table 3: Ablation on modalities. OmniDiMM
trained on all modalities outperforms a model
trained without 3D modalities on NVS. (Training
tokens)

As shown in Tab. 3), we find that joint training
with all modalities outperforms training without
3D modalities, demonstrating the benefit of joint
1D-2D-3D multimodal training.

In-the-wild performance: OmniDiMM is trained
on objects represented in a canonical Objaverse
camera frame. To extend the model to unposed
images, we therefore predict the transformation
required to map an arbitrary input image into
this canonical frame. Given a single RGB image, we first use a flow-matching pose estimator to
predict the corresponding Objaverse-aligned camera pose while accounting for azimuthal ambiguities.
We additionally predict the scale and image-plane shift required to match the object framing seen
during training, and use a separate predictor to compensate for arbitrary camera roll.

Table 2 evaluates these components progressively. On held-out Objaverse-XL, replacing ground-truth
poses with predicted poses results in only a small degradation (20.113 to 19.652 PSNR), showing that
the downstream model is robust to realistic pose-prediction errors. More importantly, although the
pose predictor is trained exclusively on Objaverse, the same behavior transfers to GSO: performance
decreases only from 21.945 to 21.642 PSNR when replacing ground-truth with predicted poses.
This suggests that the pose predictor generalizes beyond the distribution on which it was trained.
Predicting scale/shift and handling arbitrary roll further relax the assumptions on the input, at the
cost of progressively larger degradation as errors accumulate across the canonicalization pipeline.

6 Transfer Learning
Method NOCS MAE ↓ NOCS PSNR ↑ Mask IoU ↑
NOCS [100] 0.121 16.345 86.10

OmniNOCS (zero-shot) [53] 0.107 18.527 89.03

OmniDiMM (Ours) 0.018 27.315 94.4

Figure 10: Object Pose (NOCS) Estima-
tion. Comparison of transfer performance on
NOCS-Real275 (top) and qualitative exam-
ples of OmniDiMM’s performance (bottom).

We demonstrate the benefits of pretraining on a range
of 2D and 3D modalities by transferring the pretrained
encoder to three diverse downstream tasks. To adapt
OmniDiMM, we finetune the pretrained encoder using
Low-Rank Adaptation (LoRA) [40] and attach task-
specific heads trained from scratch. We employ an op-
timizer with layer decay to ensure the effective learn-
ing rate is higher in the later layers. Further training
details are provided in Sec. F.

2D Object Pose Estimation: To demonstrate the ap-
plicability of OmniDiMM to single-view 3D tasks, we
adapt it to category-level pose estimation via Normal-
ized Object Coordinate Space (NOCS) [100]. This
task maps observed 2D pixels to a canonical 3D rep-
resentation, explicitly testing the model’s ability to
relate a 2D view to its underlying 3D geometry. We
attach the prediction head from OmniNOCS [53] to our pretrained encoder, which predicts NOCS
and segmentation masks from the raw RGB input. As shown in Sec. 6, OmniDiMM significantly
outperforms the NOCS baseline [100]. Fig. 10 illustrates that using the OmniDiMM backbone, one can
accurately infer both 3D canonical coordinates and instance masks from diverse 2D observations.
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Method Suc.6 ↑ Suc.1 ↑ Pen. ↓ Div ↑
UniDexGrasp [117] 23.7 65.5 24.5 0.14
GraspTTA [50] 21.0 65.3 21.2 0.10
SceneDiffuser [46] 28.3 74.8 25.1 0.15
UGG [66] 46.0 83.2 24.5 0.14
DGA [130] 54.8 90.8 18.9 0.25
DGA w/ LLM [130] 53.1 91.2 18.8 0.23

OmniDiMM (Ours) w/ standard diffusion sampling 3.6 83.9 13.2 0.11
OmniDiMM (Ours) w/ physics-guided sampling [130] 83.3 96.7 15.9 0.16

Figure 11: Grasp prediction. Left: OmniDiMM shows strong transfer performance on MultiDex [58],
including grasp success rates (Suc.6 and Suc.1), maximum penetration, and diversity. A grasp is
successful if perturbations displace the object by ≤2 cm in at least one axis-aligned direction (Suc.1)
or in all six directions (Suc.6). Right: sample grasp predictions. We compute these metrics by
simulating the predicted grasps in IsaacGym [69].

Table 4: 3D object classification trans-
fer. Results on ModelNet40 [111] show
OmniDiMM can achieve competitive results
and successfully incorporate information
from diverse 2D and 3D input modalities.

Method Accuracy ↑
DGCNN [105] 0.926
PointNet++ [79] 0.930
SimpleView [32] 0.939
GDANet [116] 0.934
CurveNet [113] 0.938
RPC [84] 0.930

ULIP-2 (zero-shot) [119] 0.847

OmniDiMM (Ours) 2D/3D semantic 0.932
OmniDiMM (Ours) 3D-only 0.927

Grasp Prediction: We also evaluate OmniDiMM to
predict physically plausible and stable grasps. We
adapt the DexGrasp Anything model [130] and replace
the Point Transformer [129] encoder while keeping
the diffusion-based head that predicts ShadowHand
parameters. We use raw RGB images as input and
train the model end-to-end using the physics-aware
losses of DexGrasp Anything [130]. As shown in
Fig. 11, OmniDiMM can be used to predict successful
grasps for objects with varied shapes, sizes, and from
different approaching directions.

Object classification: We evaluate 3D object classifi-
cation on ModelNet40 [111]. To adapt OmniDiMM for
classification, we use a mixture of multimodal input
tokens and pool the encoder’s output features using
cross-attention with learned queries representing each
of the 40 classes. In Tab. 4, we report the top-1 accuracy using two distinct modality combinations:
2D/3D semantic (ULIP-2 [119] 3D features, alongside DINOv2 [75] and CLIP [81] patch features
from five random views) and 3D-only (ULIP-2 [119] features, UDFs, and voxel grids). OmniDiMM
effectively synthesizes these inputs, achieving a competitive performance that closely matches fully
supervised, task-specific architectures. Furthermore, by contextualizing the inputs through our any-to-
any architecture, the model substantially improves over the zero-shot capabilities of the base ULIP-2
[119] features it ingests.

Further experimental results and implementation details for the transfer tasks are reported in the
Appendix.

7 Limitations and Discussion

OmniDiMM is a large-scale any-to-any foundation model capable of processing and generating data
across a diverse range of 19 modalities, spanning 1D, 2D, and 3D. To achieve such levels of multi-
modality, we unify all input sources through tokenization [98, 23, 28], which abstracts modality-
specific nuances [72, 7, 65, 64, 83, 102, 114, 115]. We build upon existing tokenizers [1, 72, 7, 96]
for 1D and 2D modalities, and propose novel solutions to tokenize complex 3D representations such
as NeRF weights, UDFs, and 3DGSs. We demonstrate that the joint masked modeling pretraining
used for OmniDiMM can effectively unify all the modalities and enable any-to-any generation tasks.
Below, we discuss the limitations of our current model and future work to rectify these limitations.

Tokenization bounds: Due to the lack of pre-existing tokenization methods for many 3D modalities,
we were required to develop our own tokenizers for this work. While these tokenizers perform well,
more focused research on improving tokenization for each 3D modality would raise the ceiling of our
model’s performance.

Data and model scale: While our any-to-any learning objective enabled training a strong model on
only 1M samples, multimodal models in 1D and 2D domains are trained on orders of magnitude more
data. As access to 3D data, as well as clever ways of using more scaled 2D data toward extracting 3D
priors, progress, we expect to see further improvements in our model.
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Pose usage for 2D modalities: Our model requires the camera pose of 2D modalities as positional
embeddings, which adds a complication to multi-view operation from sensors that do not have access
to their pose. While this limitation can be mitigated using post estimation methods, fully removing
the requirement for known poses at inference time would simplify its use.
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Additional experiments

For calculating metrics, we firstly align the predicted objects with the ground truth as they are not
aligned for all methods. We then render the predicted and ground-truth 3D objects on both white and
black backgrounds and compute metrics for each background subset separately. We do this because
we observe differences in the metrics due to background color, potentially stemming from dataset
statistics and model biases. As indicated in Sec. B.1, we train OmniDiMM with black backgrounds for
the conditioning images, which may explain its improved performance under the black-background
evaluation. However, because no comparable information is available for the baselines, we report both
settings to account for background color as a potential confounder that could drop the performance
of the compared methods. We calculate each metric using six renders of each object, obtained with
the same view-sampling technique used for Novel View Synthesis (NVS) and described in Sec. 5.1,
to ensure that the predictions are consistent from all directions. Qualitative comparison between
OmniDiMM and the novel view synthesis baselines, Ouroboros [108] and Zero123 [61], Fig. 12 shows
that the OmniDiMM performs better than the baselines when preserving the geometry and consistency
with the provided input image.

Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123RGB Input Ouroboros Zero123 OmniDiMMInput OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123Input OmniDiMMOuroboros Zero123

Figure 12: Qualitative comparison of novel-view synthesis. Our model outperforms previous
approaches in both novel view synthesis and 3D generation from a single view. In particular, our
model greatly outperforms other methods when given challenging views that include a high degree of
ambiguity and self-occlusions, maintaining geometric coherence across generated target views. We
compare with Zero123 [61] and Ouroboros [108] as they allow for generation at arbitrary relative
poses.
Qualitative comparisons between OmniDiMM and the baselines, SAM3D [13] and Trellis [112],
in Fig. 7 show that OmniDiMM remains more faithful to the input geometry and produces more
consistent outputs, while the baselines often struggle with shape and color fidelity. Fig. 13 shows the
qualitative improvement in performance of 3DGS generations by leveraging intermediate generations
via chaining.

We provide additional qualitative examples of any-to-any generation in Figs. 15 and 16.

Steerable Text-Conditioned Generation

As OmniDiMM is an any-to-any model, we also demonstrate its ability to generate 2D images and 3D
objects from text alone, as well using text as a steering signal alongside other modalities such as 2D
masks. Figure 14 shows examples of 2D image and 3DGS generation from text. Similar to the results
for novel-view synthesis and 3D generation, we find that chaining through DINOv2 [75] and CLIP
[81] feature maps yields substantially higher-quality results.
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RGB Input

Ground Truth

RGB Input

Direct Prediction + RGB NVS + DINO & RGB NVS
+ DINO, Surface 

Normals & RGB NVS

Figure 13: Qualitative ablation of chaining during prediction. For 3D generation, we find that
leveraging the any-to-any prediction capabilities of OmniDiMM by first generating six diverse novel
views of the object and then using them to produce the final 3DGS output significantly outperforms
direct 3D generation from a single image. The outputs obtained via chaining contain sharper, finer
details and produce more accurate geometries than direct predictions.

Generated RGB 
(No Chain) Caption Input DINOv2 CLIP Generated RGB 

(Chained) Generated 3DGS

+ +
“Purple 

flowers and 
balloons”

+ +

“Wrought iron 
chandelier with a 
circular design, 

featuring six orange 
globe-shaped 
lampshades, 

suspended by a chain 
from a ceiling mount.”

+ +
“A black and 
red tool knife 

with a red 
handle.”

Figure 14: OmniDiMM can generate RGB and 3DGS from text when chained through dense DI-
NOv2 [75] and CLIP [81] feature maps.
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Figure 15: Additional any-to-any generation. OmniDiMM can generate all modalities from a single
input with a high degree of cross-modal consistency.

4



Input Predictions
RGB Depth Normals Edges Mask DINOv2 CLIP Mesh Voxel UDF Grid NeRF Partfield MV

RG
B →

D
ep

th →

N
or
m
al
s

→

Ed
ge

s

→

M
as

k

→

D
IN

O
v2

→

CL
IP →

M
es

h

→

Vo
xe

l

→

U
D
F →

G
ri
d →

N
eR

F

→

Pa
rt
fie

ld

→

Figure 16: Additional any-to-any generation. OmniDiMM can generate all modalities from a single
input with a high degree of cross-modal consistency.
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A Pseudolabeling Pipeline and Modality Selection

A.1 Dataset Source

We construct an aligned dataset spanning 1D, 2D, and 3D modalities using assets from Objaverse-XL
[20]. Objaverse-XL is a large-scale dataset of objects collected from five data sources, consisting
primarily of indexed 3D assets from public GitHub repositories, as well as objects from Thingiverse,
Sketchfab, Polycam, and the Smithsonian Institution. After deduplication and filtering for compatibil-
ity with Blender [18] rendering, these assets yield 10 million objects. Given the inherent noise in this
large-scale crawled dataset, we pretrain OmniDiMM on the Cap3D subset [67], a curated collection
of 1.6 million assets from Objaverse-XL that includes approximately 780k objects from Objaverse
v1.0 [19], along with objects from Sketchfab and GitHub filtered using quality proxy estimates [20].
Using Cap3D provides two key advantages: it enables pretraining on higher-quality data and provides
existing captions generated via the pseudo-labeling procedure of DiffuRank [68]. We further filter
the Cap3D subset to ensure compatibility with the modality derivation pipelines for all considered
modalities, resulting in a final dataset of 972k objects.

We use textured object meshes as a ‘grounding’ modality: a canonical representation from which all
other modalities are derived. In prior 1D and 2D works such as 4M [72, 7], images and text serve
this role, with additional modalities obtained using expert models (e.g., depth or normal estimators).
For explicit 3D data, representations such as voxels, point clouds, and meshes are fundamentally
linked through classical geometric transformations. We select meshes because they offer the highest
geometric fidelity, providing a rich, continuous surface representation from which other discrete
3D formats can be accurately extracted. Furthermore, meshes are the most abundant textured 3D
representation that supports dense, hole-free rendering. This allows us to directly synthesize high-
quality 2D modalities, such as multi-view RGB, which can subsequently be used to derive additional
modalities. Together, these properties make textured meshes the ideal ‘grounding’ modality for our
dataset.

A.2 Object Captioning

Joint training with captions enables generation from text, steerable conditioning and captioning for
any multi-view 2D modality or 3D modality supported by OmniDiMM. As mentioned in Sec. A.1,
we use the captions from Cap3D [67], which are generated by first rendering multiple views of an
object and captioning them with BLIP-2 [57]. Next, DiffuRank [68] evaluates and ranks these view-
dependent captions to identify the most informative perspectives. Finally, GPT-4V [74] synthesizes
the top-ranked views into a global caption for the 3D asset.

A.3 Modality List

The complete set of modalities that we use to train OmniDiMM is:

1. Raw RGB (non-tokenized)
2. RGB
3. Depth
4. Surface normals
5. Masks
6. Canny edges [12]
7. Global DINOv2 features [75]
8. Dense DINOv2 feature maps [75]
9. Dense CLIP feature maps [81]

10. Text (captions)
11. Mesh geometry
12. Voxels
13. UDFs
14. 3DGSs [52]
15. NeRF weights [39]
16. NeRF grids [39]
17. Part features [60]
18. ULIP-2 embeddings [119]
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A.4 2D Modalities

RGB, Depth, Normals & Masks: We include RGB for standard multi-view 2D compatibility
and masks to enable foreground-background separation. We also incorporate depth and surface
normals as standard 2.5D modalities that bridge 2D and 3D representations. We render these four
modalities directly from object meshes in Blender using the EEVEE render engine. We center and
normalize the input meshes to fit within a unit sphere and set up uniform lighting with a cube of
area lights surrounding the object. For each object, we render 20 distinct views from a bounding
sphere of radius 2. To ensure broad spatial coverage, camera positions are selected using Farthest
Point Sampling (FPS): each subsequent view is chosen from 30 random candidates to maximize the
geometric distance from all previously selected views. Each camera is placed at the sampled position
and oriented toward the origin. We render all images at a resolution of 5122 with a field of view of
60◦. Because OmniDiMM processes multiple views across numerous modalities, the sequence length
scales linearly with the number of inputs and quadratically with spatial resolution, easily exceeding
tens of thousands of tokens per forward pass. To control this combinatorial growth and maintain
a tractable joint token sequence during pretraining, we downsample these renders to 2242 before
tokenization. In total, we generate 19.4 million renders per modality for pretraining.

Raw RGB: While raw RGB captures the same underlying visual information as its tokenized
counterpart, it bypasses the reconstruction bottleneck of discrete tokenizers, facilitates continuous
end-to-end fine-tuning, and has been shown to improve transfer results [72, 7]. To bridge the domain
gap with real-world scenes, we augment the rendered RGB images by alpha-blending them with
random backgrounds from the Describable Textures Dataset [16]. To simulate realistic multi-view
environment correlations, we apply the same background texture across all views of a given object
with a 50% probability; otherwise, backgrounds are sampled independently per view. In all cases, we
apply random resized cropping with scale factors ranging from 0.5 to 1.0.

Canny Edges: We incorporate Canny edges [12] to enable generation from low-detail inputs such as
shapes and sketches. We compute them from the RGB renders using OpenCV [11], with low and
high hysteresis thresholds of 100 and 200, respectively.

2D Feature Modalities: We include global DINOv2 embeddings [75] as a modality to support
diverse downstream applications, such as multimodal retrieval. We also incorporate dense DINOv2
[75] and CLIP [81] feature maps, which can serve as chaining modalities to improve generation
quality. We extract DINOv2 features using the DINOv2-B14 model, deriving the global feature
from the [CLS] token and the dense feature maps from the corresponding image patch tokens. We
extract a distinct global feature for each rendered view rather than computing a single aggregated
object-level embedding. Because 2D projections of a 3D object vary substantially with camera pose,
the corresponding embeddings are highly view-dependent. We verified this empirically through
cross-retrieval tests on multi-view samples: although adjacent camera angles generally yield similar
embeddings, disparate views often exhibit little apparent similarity. Consequently, naively averaging
these view-specific features would produce a collapsed, uninformative representation. For CLIP
feature maps, we use the pretrained CLIP-B16 model, extracting image features obtained from the
final transformer layer and applying the final layer normalization.

A.5 3D Modalities

Voxels & UDFs: Voxels indicate the occupancy status of locations in 3D space and provide a coarse
representation of an object’s geometry, which can be used to generate detailed 3D models from
weak conditioning. UDFs encode the minimum distance from a point to the object’s mesh surface,
providing a detailed, dense description of geometry that can be readily extracted from various 3D
representations such as meshes and point clouds. We generate these modalities from object meshes
using Open3D [132]. We determine filled voxels by identifying all voxels that intersect a mesh
triangle at a resolution of 323. We compute UDFs by ray casting on a dense 3D grid with a resolution
of 643.

3DGSs: 3DGSs are a modern, high-fidelity textured 3D representation that enables high-quality
image rendering via rasterization and conversion to meshes through algorithms such as marching
cubes [62]. To include 3DGSs as a modality, we use Trellis SLATs [112], which decode to Gaussian
splats. These SLATs form a sparse representation of the object and are obtained by training a VAE to
predict Gaussian splats from multi-view inputs.
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To obtain the SLATs for each object, we follow the procedure of Xiang et al. [112]. We capture 100
uniformly sampled images for each object and extract DINOv2 feature maps from them. We derive a
surface voxel structure at a resolution of 643 from the mesh and then project the multi-view average
of the DINOv2 feature maps onto the surface voxels. Finally, we encode the augmented voxels with a
sparse VAE to obtain the final SLATs, which we use as the representation for 3DGSs.

NeRF Weights: NeRFs are another recent, high-quality 3D representation commonly used besides
3DGSs. They enable rendering novel views of an object by predicting a 3D RGB and density field
defined in all points in space that used in the rendering equation. However, NeRFs are typically
trained separately for each object, making their derivation challenging and unscalable at the scale of
our pretraining dataset. In addition, it is unclear how learnable the resulting space of independently
trained NeRFs would be. Instead, we re-implement the generalizable NeRF model Instant3D [56],
which predicts a set of triplane features for each object that a shared MLP decodes into RGB values
and densities at any point in space. We therefore treat these triplanes as equivalent to the weights of a
NeRF for a given object and use them as our NeRF weight modality. Each triplane consists of three
planes with a resolution of 642.

NeRF Grids: Prior work has shown that discretizing the color and density fields predicted by NeRFs
yields an effective 3D modality [39, 47]. This provides an explicit spatial description of textured
appearance, making it a useful representation. To obtain these grids, we use the aforementioned
triplanes and decode them with the shared MLP. Then, for each point in a grid with resolution 643, we
query the corresponding RGB and density values. Note that, while NeRF weights can be interpreted
as the 3D analogue of feature maps, NeRF grids are closer to voxels. Despite some redundancy
in how these modalities are obtained, the way information is structured in the two representations
differs, and so do the resulting tokens.

Part Features: Parts in 3D are often ill-defined and task-specific, with meaningful decompositions
existing at different levels of specificity depending on the context. Therefore, instead of learning
a fixed level of part segmentation granularity, we learn a part feature field that can be decoded at
different levels of part complexity. We use PartField [60] to derive these part features. We sample
100,000 points per object, which the PartField model transforms into part triplanes with a resolution
of 1282. We use this triplane as our part feature modality.

This triplane can be sampled at any point in 3D space to obtain the corresponding part feature,
similar to a NeRFs triplane. We visualize part features for a model by querying points on the surface
of the ground-truth mesh to form a point cloud and, for each point, querying the triplane for the
corresponding part feature. We then reduce the dimensionality of these features to 3 using PCA to
obtain a color for each point. To extract parts from the part features, we cluster them using a method
such as k-means, thereby partitioning an object into k parts. This enables us to control the complexity
and granularity of the extracted parts through the clustering method and the choice of level.

ULIP-2 Embeddings: We include a global representation of each object by using its ULIP-2 [119]
embedding as a modality. ULIP-2 aligns features for a 3D object, extracted with a Point-BERT [124]
model, with pretrained CLIP [81] image-text features. As such, the ULIP-2 embedding is aligned
with the underlying object’s 2D renders and text caption, providing a global semantic feature. ULIP-2
embeddings can be used for purposes similar to those of CLIP embeddings, namely matching 3D
models to images and text through feature similarity or performing 3D retrieval.

To extract ULIP-2 embeddings, we randomly sample 8,192 colored points from the surface of each
object and process them with ULIP-2’s Point-BERT [124] encoder, which is aligned with OpenCLIP
(ViT-G/14) [15].

B Tokenizer Training Details

B.1 1D & 2D Tokenization

To tokenize multi-view 2D modalities, we apply pretrained 2D tokenizers to each view separately.
View locations are then disambiguated within the model using positional embeddings rather than
being handled by the tokenizers.

RGB and Depth: We use the COSMOS discrete image tokenizer [1] with a patch size of 16. To
match how COSMOS handles transparent images, we replace the background of the RGB object
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Figure 17: Qualitative results of our novel tokenizers. We train a set of tokenizers for 3D modalities
that have not previously been tokenized. Our tokenizers reconstruct full 3D models from a small
number of discrete tokens, successfully recovering geometry, texture, and semantics.

renders with a solid black background via alpha blending before tokenization. We clip the rendered
metric depth to zraw ∈ [1, 3], which corresponds to the maximal depth range in our rendering
setup given the unit-sphere mesh normalization and fixed camera distance. We then normalize these
clipped values to znorm ∈ [ϵ, 1], with ϵ = 10−6. Given the inherent domain gap between relative
depth estimated from real-world images and our rendered metric depth, the pretrained 4M [72] depth
encoder is unsuitable out of the box. We evaluated two fine-tuning strategies for the 4M encoder. First,
we applied standard depth processing with a SmoothL1 reconstruction loss (Fig. 18c), which yielded
overly smooth foregrounds lacking high-frequency detail. This over-smoothing occurs because
our rendered depth values are heavily concentrated at the maximum value, corresponding to the
background. To mitigate this imbalance and encourage higher-fidelity foreground representations, we
upweighted the foreground prediction penalty by a factor of 10 relative to the background (Fig. 18d)
and used a truncated version of the SmoothL1 loss to account for the clipping of predicted values.
Despite this, predictions on novel instances remained biased toward lower values, as evident at the
nearest point of the faucet. Alternatively, we tested the COSMOS tokenizer [1] directly on normalized
depth values to mimic the dynamic range of natural images (Fig. 18e); however, this resulted in
persistent reconstruction artifacts across samples.

Following common practice in depth estimation [121, 42], we instead invert the normalized depth
values to obtain disparity

(
znorm ∈ [ϵ, 1] → d ∈

[
1, 1

ϵ

])
. Using disparity instead of normalized

metric depth expands the numerical resolution of the foreground and compresses the empty back-
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(a) Ground truth (b) 4M [72] (c) FT 4M [72] (d) FT 4M [72] fg/bg

(e) COSMOS [1] (f) COSMOS [1] log-
disparity

(g) COSMOS [1] log-log-
disparity scaled

(h) COSMOS [1] log-log-
disparity (ours)

Figure 18: Depth tokenizer. Qualitative comparison of different depth tokenization approaches.

ground. Finally, we apply a log-log transform to the disparity, dlog = log(log(d+ 1)). This double
logarithm aggressively squashes the extreme long-tail disparity distribution, which ranges from 1
to 106 given our choice of ϵ, into a dynamic range that is highly compatible with the natural-image
priors of the tokenizer. Empirically, these transformations enable high-fidelity depth tokenization
using the unmodified COSMOS tokenizer [1] (see Fig. 18h). We also tested scaling the log-log
distribution (Fig. 18g) to strictly match the COSMOS RGB dynamic range, but this reintroduced
artifacts, confirming that our unscaled log-log disparity is the optimal processing pipeline. Ultimately,
this pipeline yields 196 tokens per view for both RGB and depth modalities.

Normals & Masks: We finetune the tokenizers from 4M-21 [7] using their original training objectives
to account for the domain gap between the pseudo-labeled modalities obtained with expert models
from real-world images and our rendered values. The normal map tokenizer is a diffusion-based
VAE [88], and the mask tokenizer is a ViT-based [24] VQ-VAE [98]. For normals, we transform
the global normal values obtained from Blender [18] into view-space normal vectors, ensuring that
they remain invariant to the object’s global orientation. We normalize the resulting view-specific
normals to unit length and linearly map their components from [−1, 1] to [0, 1] to use the standard
RGB processing pipeline. For masks, we likewise adopt the standard image processing pipeline
and binarize the resulting image to serve as the ground-truth target for the binary cross-entropy loss.
Since the masks in 4M-21 [7] were originally designed for SAM instances, they operate at a spatial
resolution of 642, which is insufficient to represent fine object details. We address this limitation
by increasing the resolution to 2242 and bilinearly interpolating the positional embeddings of the
patches, leveraging the flexibility of the underlying ViT architecture.

Edges & Features: We tokenize the edge and feature modalities using the pretrained tokenizers
from 4M-21 [7]. The edge tokenizer is a VQ-VAE with a diffusion decoder [88] that produces 196
tokens per view. The global DINOv2 tokenizer is a bottleneck-MLP discrete VAE with Memcodes
quantization [70], yielding 16 tokens per view. Dense DINOv2 and CLIP features are tokenized into
256 and 196 tokens, respectively, using ViT-based VQ-VAEs [98].

B.2 3D as Dense 2D

We tokenize triplane-based modalities with 2D VQ-VAEs, processing the three planes separately. We
find that this independent processing improves reconstruction quality by exploiting the orthogonal
decomposition of the 3D field, inherently promoting equivariance to spatial axis permutations. In
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Table 5: Voxel tokenizer performance with different training loss functions. We find that L2 loss with
no sigmoid applied before loss computation has the best performance but overall performance is very
similar across losses.

Loss function Accuracy (%) ↑ F1 score ↑
Binary Cross Entropy 99.06 0.872
L2 99.07 0.875
L2 (no sigmoid) 99.12 0.880

practice, we concatenate the three planes along the batch dimension for independent processing. Each
modality uses different tokenizer components to improve performance.

NeRF Weights: We tokenize NeRF weight triplanes with a VQ-VAE that uses a ViT-B encoder and
decoder with a vocabulary size of 8,192. We encode each plane with a patch size of 2, compressing
each plane into 1,024 tokens, for a total of 3,072 tokens per triplane. In addition to the standard L2
reconstruction loss, we apply an LPIPS loss to renders from the predicted triplanes. The LPIPS loss
is weighted 2× more strongly than the other losses.

Part Features: We tokenize part feature triplanes with a VQ-VAE that uses a ViT-B encoder with a
patch size of 8 and a vocabulary size of 8,192. Each plane is therefore compressed into 256 tokens,
for a total of 768 tokens per triplane. We use a Patched Diffusion Model decoder with a patch size of
2 to obtain sharp results.

B.3 3D as Dense 3D

B.3.1 Voxels, UDFs & NeRF Grids:

We tokenize modalities represented as dense 3D grids with 3D VQ-VAEs that use 3D-CNN encoders
and decoders, downsampling the modalities by a factor of 8 and using a vocabulary of 8,192.

For voxels, we found that training with L2 reconstruction and thresholding the final output marginally
improves performance over binary cross-entropy loss (Tab. 5). Each voxel grid is compressed into 64
tokens.

For UDF and NeRF grids, we likewise use L2 reconstruction, as it produces high-quality reconstruc-
tions without other modifications. Each of these grids is compressed into 512 tokens.

B.3.2 Trellis Latents (3DGS)

The Trellis-SLATs are a sparse representation in a 643 voxel space, in which only active (surface)
voxels carry information. To tokenize these SLATs, we convert the sparse structure into a dense
grid, setting inactive voxel representations to zero. We train a 3D-CNN-based VQ-VAE [98] that
downsamples the representation to 163 voxels with a discrete quantization bottleneck, yielding 4,096
tokens per object. The 3D-CNN decoder has two heads: one predicts an occupancy map, i.e., the
active-voxel structure, and the other predicts the latents, which are gated by the active-voxel prediction
to produce the final SLATs. In addition to reconstruction losses on the structured latent, we apply
rendering losses by decoding the predicted latent into Gaussian splats. Note that we densify the
SLATs for convenience so that they can be used within our generic dense 3D tokenization pipeline.
Although this process introduces irrelevant values in inactive voxels, the tokenizer’s bottlenecks and
latent quantization compress the resulting representation effectively.

As shown in Tab. 6, we found that downsampling to an 83 representation (using 512 tokens per object)
yields a high loss and leads to inconsistent, poor reconstructions, especially for cases with fine shape
or texture details. Furthermore, the separate occupancy prediction and reconstruction losses provide
significant performance improvements.

B.4 Other 3D Modalities

Mesh Geometry: To tokenize mesh geometry, we use the pretrained Cube tokenizer. The Cube
tokenizer takes 8,192 points and surface normals, which we sample from the surface of the Objaverse-
XL meshes. Each mesh is compressed into 512 tokens with a codebook size of 16,384.
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Table 6: Trellis tokenizer ablations. We find that using an occupancy (occ.) loss significantly
improves the results, while increasing the number of tokens per object from 512 (83) to 4,096 (163)
further improves reconstruction quality. The reconstruction loss is binary cross-entropy (BCE), while
the rendering loss combines MSE, LPIPS, and SSIM.

Method Reconstruction Loss ↓ Rendering loss ↓
512 tokens 0.037 0.149
512 tokens + Occ. Loss 0.024 0.051
4096 tokens + Occ. Loss 0.009 0.035

Table 7: ULIP-2 tokenizer performance for various codebook sizes
# Codebooks Cosine Similarity ↑ BLEU (ModelNet40) ↑ BLEU (Lvis) ↑
8 0.93 0.80 0.71
32 0.95 0.85 0.78
128 0.97 0.89 0.84
256 0.98 0.91 0.87
512 0.98 0.98 0.86
1024 0.97 0.87 0.81

ULIP-2 Embeddings: We train a discrete VAE with Memcodes quantization [70], a codebook of
size 256, i.e., 256 distinct tokens, and a bottleneck-MLP [6] encoder and decoder. This codebook size
optimizes reconstruction performance while minimizing the number of tokens needed to represent
the embedding (Tab. 7). We train the tokenizer for 30 epochs using a cosine-similarity loss.

C Model Architecture

OmniDiMM is a modified Transformer encoder-decoder model [99], with changes designed to improve
performance and ease of training. Full model settings are listed in Tab. 8.

C.1 Model Structure

Prior work shows that increasing transformer depth is a more efficient way to achieve performance
gains at this scale [94, 43, 4]. Therefore, we make both the transformer encoder and decoder deeper
than in standard transformer models by following a DeepNarrow strategy [94], using 36 blocks in
each. We use a transformer block with dim = 1024 and 16 attention heads, keeping the dimension
per head fixed at 64, while setting the MLP size to the standard ratio of 4× dim [23, 82]. Overall,
this makes OmniDiMM a 1 billion parameter model. Such deep, narrow models can be unstable during
training, so we apply LayerNorm Scaling (LNS) to improve stability [92]. In a small-scale proxy
sweep, we empirically find that applying LNS both after LayerNorm [5] and after the attention
and MLP layers yields the best results. We use SwiGLU activations [87] and no biases, which has
been shown to improve performance [7]. We also use query-key normalization [35] to ensure stable
training across modalities with widely varying token counts. Finally, we apply µ-P [120] parameter
scalings to enable effective hyperparameter transfer from small-scale proxies.

C.2 Positional & Modality Embeddings

To enable OmniDiMM to distinguish tokens from different modalities, we add learnable modality
embeddings to the embedded tokens. The modality embeddings have the same dimensionality as the
embedded tokens and are shared within each modality. Positional embeddings are applied according
to the modality type (Fig. 5).

Text Positional Embeddings: We add fixed 1D sine-cosine embeddings to caption token embeddings.

Multi-view 2D Positional Embeddings: We extract Plücker rays [77] from the ground-truth camera
poses of the renders to describe the source camera location of each view for 2D modalities. Each
ray is a 6D vector that describes the direction and moment of the frustum cast from the camera that
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generated the image patch centered at a given token. Thus, the Plücker rays connect image patches to
the corresponding 3D locations from which they were generated, bridging 2D and 3D. We further
augment these rays with 2D screen Normalized Device Coordinates (NDCs) to provide image-space
location information, similar to RayDiffusion [125]. The resulting 8D position vector is encoded
with a small feedforward encoder comprising two linear layers separated by a GeLU activation [34],
with a hidden dimension of 128.

Global multi-view features instead use only the directional component of the Plücker rays to distin-
guish different views, because the moments average to zero and the tokens are not patch-aligned,
but instead represent feature components that are not aligned with 3D space. We therefore add an
additional 1D sine-cosine embedding for tokens within a single view.

3D Positional Embeddings: For 3D modalities represented as dense 3D grids, we use 3D sine-cosine
positional embeddings to encode token positions. For modalities represented as triplanes, the position
within each plane is encoded with 2D sine-cosine positional embeddings. The three planes are
distinguished by adding a plane token that is unique to the XY , XZ, and Y Z planes.

ULIP-2 Positional Embeddings: Because ULIP-2 embeddings [119] are global features, we use
learnable positional embeddings to encode positional information, following the same reasoning as in
4M-21 [7].

D Data Sampling

Similar to 4M [72], the distribution of tokens observed during masked modeling is controlled by
Dirichlet distributions with parameters αm for each modality m. Varying αm controls the sharpness of
the distribution and the probability that tokens are sampled from a given modality. If all αm < 1, the
sampling is sharper, and entire modalities are more frequently preserved within a sample. Conversely,
if all αm > 1, the sampling is smoother, and multiple modalities contribute to each sample more often.
A higher αm value relative to those of other modalities increases the likelihood that the corresponding
modality will be sampled; that is, if αm1

< αm2
, then m2 will be sampled more frequently than

m1. When multiple α mixes are used, their frequencies determine the probability that a given mix is
selected for a sample.

D.1 Pretraining α Mixes

In contrast to 4M-21 [7], we implement multiple task-specific sampling mixes to ensure that the
model encounters important tasks frequently during pretraining. This is necessary because the number
of tokens per modality varies substantially, meaning that some important tasks, such as NVS or
single-view 3D generation, would otherwise appear very infrequently during training under a fully
random sampling approach. The α mixes we use are:

• Any-to-any: The four masking strategies introduced in 4M-21 [7], with both input and
output αm symmetrically set to 0.01, 0.1, 1.0, and 10.0, respectively, for all m. Each mix is
seen with frequency 10.

• RGB-to-RGB: Predict RGB image tokens from either raw RGB patches or other RGB image
tokens, thereby training NVS from RGB. These two mixes are each seen with frequency 5.

• RGB-to-others: Predict other modalities from either raw or tokenized RGB, both with
input α = 0.01 to induce a ‘sharp’ sampling distribution. There are three different target
mixes: 2D outputs only (multimodal NVS from RGB, frequency 5), 3D outputs only (3D
generation, frequency 5), or all modalities as outputs (frequency 10). The target αm values
are set to 0.5 for all 2D modalities, all 3D modalities, and all modalities, respectively.

• 2D-to-others: Two mixes predict from 2D inputs only. All 2D modalities have input α set
to 0.5, and the target α values are set to 0.5 for all 2D modalities (complete multimodal
NVS, frequency 10) and all 3D modalities (multimodal 3D generation, frequency 5).

• 3D-to-others: Three mixes predict from 3D inputs only. All 3D modalities have input
α set to 0.5, and the target α values are set to 0.5 for all 3D modalities (multimodal 3D
modeling, frequency 5), all 2D modalities (multimodal rendering, frequency 10), and RGB
only (rendering, frequency 5).
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• Text generation: Text tokens are used as the only input, and all other modalities have target
α set to either 0.05 or 0.5, corresponding to ‘sharp’ and ‘smooth’ target distributions. Both
mixes have frequency 2.5.

E Training Method

E.1 Pretraining

Objective: We train OmniDiMM with a multimodal masked modeling objective. This involves
conditioning the Transformer [99] encoder on a small subset of input tokens from all modalities and
predicting a different, non-overlapping subset of target tokens with the Transformer decoder. This
objective teaches the model to predict any random portion of a multimodal sample from any arbitrary
conditioning tokens, which has been shown to enable full modality generation at inference time. We
optimize OmniDiMM by minimizing the cross-entropy loss over the target tokens in each sample. This
loss is applied irrespective of the underlying modality, eliminating the need for modality-specific loss
balancing.

Each sample consists of at most 17,160 tokens, as we randomly sample between 1 and 5 views for
each multi-view 2D modality from the 20 views available in our dataset. We sample 512 tokens
as encoder inputs and 512 tokens as targets for each sample, so the model sees only 3% of the full
sample. The tokens chosen as inputs and targets are determined by the α-mix settings described in
Sec. D. We apply uniform random masking to 2D and 3D modalities and span masking to text.

Multi-Dataset Use: 3DGSs are expensive to pseudolabel, as each sample requires 100 renders with
specific rendering settings. We therefore train on two datasets: one that includes raw RGB, which is
slow to train on, and one that includes 3DGSs. The dataset including 3DGSs contains 500k objects,
while the raw-RGB-inclusive dataset contains all 972k objects. During training, we sample from each
dataset with probability 0.5.

Optimizer: We use an AdamW [63] optimizer with a Warmup-Stable-Decay (WSD) learning rate
scheduler [41] and square-root decay [26] to enable resumable pretraining. We observe similar
performance for models trained with WSD scheduling and with cosine scheduling. Recent work has
found that weight decay should be scaled relative to model and dataset size [104]. Accordingly, we
schedule weight decay according to power laws [9] relative to the number of tokens seen at any point
during training.

Hyperparameter Optimization: Because we implement µ-P transfer in OmniDiMM, we can readily
transfer hyperparameters from a small-scale proxy to the full model. We therefore sweep over the
optimizer, parameter initialization, and µ-P alpha and power-law parameters using a transformer with
dim = 128, which is 8× narrower than OmniDiMM. We run 50 trials of 20 billion tokens each using
the Tree-structured Parzen Estimator [107] in Optuna [3]. The optimal hyperparameters are listed in
Tab. 8.

Training schedule: We train OmniDiMM with the optimized hyperparameters for a total of 900B
tokens, including 1B tokens of linear warm-up and 100B tokens of square-root cooldown.

F Transfer Experiments

To demonstrate the versatility of OmniDiMM as a foundational backbone, we evaluate its representation
learning capabilities across diverse downstream tasks by appending task-specific heads to the encoder.
Although task-specific modality chaining often yields superior results, as evidenced by our NVS
improvements in Sec. 5.1, we intentionally employ a standardized fine-tuning recipe. This approach
isolates the inherent quality of the pretrained features and demonstrates the model’s efficacy as a
robust, off-the-shelf feature extractor. Specifically, we freeze the core encoder weights and inject
LoRA [40] modules into the attention layers, setting both the rank and α to 32. We optimize the
full model, i.e., the encoder and task-specific heads, using AdamW [63] with a base learning rate of
10−4 and a weight decay of 0.05, consistent with our pretraining configuration. Finally, to preserve
the robust multimodal priors captured in the earlier layers while enabling stronger adaptation in the
deeper network stages and the randomly initialized heads, we apply a layer-wise learning rate decay
[17] of 0.85, mirroring the transfer learning protocol established by 4M-21 [7].
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Table 8: Pre-training configuration used for OmniDiMM
Hyperparameter OmniDiMM

# Encoder Blocks 36
# Decoder Blocks 36
dim 1024
# Attn heads 16
Feedforward activation SwiGLU [87]
Use bias? False
Post LayerNorm LNS True
Post attn/MLP LNS True
QK-norm True

Input token budget 512
Target token budget 512
Max tokens per sample 17,160
Data sampling Random & per task (Sec. A.1)

Image size 2242
# 2D views n ∈ {1, 2, 3, 4, 5}
Repeated sampling 10
Data type bfloat16

Optimizer AdamW [63]
Opt. Momentum β1 = 0.88, β2 = 0.948
Opt. Epsilon ϵ = 4.2× 10−8

Learning Rate (LR) Schedule WSD [41]
LR cooldown shape Square root decay [26]
Max LR 0.002
Weight Decay (WD) schedule Power lines (Sec. E)
Max WD 0.37
WD cτ 1.126
WD mτ -0.509

µ-P weight init σ 0.0135
µ-P αin 1.485
µ-P αout 1.776

Training length (# tokens) 900B
Warmup length (# tokens) 1B
Cooldown length (# tokens) 100B
Batch size 4080

F.1 Object Classification

To demonstrate OmniDiMM’s ability to fuse different input modalities for a downstream task, we
evaluate it on the ModelNet40 [111] classification benchmark. Inspired by the zero-shot results of
ULIP-2 [119], we test the effect of augmenting ULIP-2 features with additional input modalities.
The intuition is that redundancy across modalities reduces modality-specific noise, while their
complementary information improves overall perception.

Because the sequence length of the encoder output varies with the number of input modalities, we
aggregate these features using a cross-attention layer. Specifically, we define the attention queries
as learned embeddings representing each target class (i.e., the 40 classes of ModelNet40 [111]),
while the encoder outputs serve as the keys and values. Before this aggregation, we project the
encoder outputs through an MLP and add the modality-specific positional embeddings element-wise,
mirroring the architecture of the OmniDiMM decoder. Finally, we apply layer normalization [5] to the
aggregated class features and linearly project each feature to a single logit per class.

We train the classification head and adapt the backbone end-to-end using a standard cross-entropy
loss for 50 epochs. To obtain the tokenized input modalities, we employ the same modality generation
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Figure 19: Additional qualitative NOCS transfer examples. Predicted masks and NOCS overlaid
on the original image. The two left images are from ARKITScenes [8] while the two right images are
from NOCS-Real275 [100].

pipeline used for the pretraining data (see Sec. A). For all experiments, we use ULIP-2 embeddings
as a foundational input. In the 3D-only configuration, we additionally incorporate Signed Distance
Functions (SDFs) and voxel grids. In the 2D/3D semantic configuration, we instead include dense
DINOv2 [75] and CLIP [81] feature maps extracted from five random views sampled independently
for each object and modality. Refer to Tab. 4 for the quantitative results.

F.2 2D Object Pose Estimation

While object classification is closely aligned with our pretraining data, OmniDiMM also adapts seam-
lessly to tasks involving single-view inputs and real-world images. To showcase this capability, we
evaluate our model on 2D object pose estimation, which we frame as a NOCS prediction problem
[100]. Concretely, we replace the DINOv2 [75] backbone used in OmniNOCS [53] with OmniDiMM
and retain the same DPT head [47] to fuse intermediate layer features and predict both a NOCS map
and a validity mask. We further predict object sizes, 3D centroids, and the rotations of the enclosing
3D bounding boxes with convolutional heads. The input to OmniDiMM consists of a single image
provided through the raw RGB modality; following the OmniNOCS protocol [53], we obtain it by
applying RoIAlign [33] to the original image using the provided 2D bounding boxes. We train the full
model end to end with the same loss as OmniNOCS [53], using our default transfer hyperparameters.

In Sec. 6, we compare OmniDiMM against the original NOCS baseline [100] and OmniNOCS [53]
on the NOCS-Real275 evaluation set. The original NOCS baseline [100] is trained directly on
the NOCS-Real275 training split. In contrast, OmniNOCS [53] is trained on a large aggregated
mixture containing around half a million instances, including proprietary subsets such as the NOCS
annotations for the Waymo dataset [91]. For evaluation on NOCS-Real275, the OmniNOCS authors
explicitly excluded this dataset from their training mixture, making their result a measure of zero-shot
cross-dataset transfer.

Our fine-tuning setup for OmniDiMM operates under different constraints. We use a substantially
smaller, strictly open-source subset of the OmniNOCS data aggregation [53]. Specifically, our
training mixture comprises NOCS-Real275 [100], Objectron [2], KITTI [31], and ARKitScenes [8],
i.e., 4 of the 11 datasets included in the OmniNOCS mixture. Together, these datasets account for
roughly 27% of the total images and 19% of the total instances. Because our overall data volume is
much smaller than that used by OmniNOCS, and because neither the OmniNOCS code nor model is
public, we include the NOCS-Real275 training split in our fine-tuning mixture to provide sufficient
in-domain supervision. Consequently, although OmniDiMM is trained on far less data overall than
OmniNOCS, it shares the advantage of in-domain training data with the original NOCS baseline. The
test split of NOCS-Real275 remains strictly unseen during training.

In Fig. 10 we can see how OmniDiMM is able to predict accurate NOCS and instance masks. Left image
is from NOCS-Real275 [100] and the right one from Objectron [2]. We provide some additional
visualizations in Fig. 19.

F.3 Grasp Prediction

Finally, we evaluate OmniDiMM on the challenging task of dexterous grasping. The goal is to predict
the full set of articulation parameters across all degrees of freedom of a robotic hand (specifically, a
ShadowHand) so that it can execute a stable, physically plausible grasp. Given the complexity of
hand-object interactions, this problem demands highly accurate 3D geometric perception. Whereas
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Table 9: Grasp prediction transfer. Metrics on the MultiDex [58] dataset, including grasp success
rates (Suc.6 and Suc.1), maximum penetration, and the diversity of the predicted grasps. A grasp is
considered successful if the object’s displacement under perturbation is at most 2 cm in at least one
direction (Suc.1) or in all six axis-aligned directions (Suc.6). We compute these metrics by simulating
the predicted grasps in IsaacGym [69].

Method Suc.6 ↑ Suc.1 ↑ Pen. ↓ Div ↑
UniDexGrasp [117] 23.7 65.5 24.5 0.14
GraspTTA [50] 21.0 65.3 21.2 0.10
SceneDiffuser [46] 28.3 74.8 25.1 0.15
UGG [66] 46.0 83.2 24.5 0.14
DGA [130] 54.8 90.8 18.9 0.25
DGA w/ LLM [130] 53.1 91.2 18.8 0.23

OmniDiMM (ours) w/ standard diffusion sampling 3.6 83.9 13.2 0.11
OmniDiMM (ours) w/ physics-guided sampling [130] 83.3 96.7 15.9 0.16

most existing approaches rely on sparse point clouds as input [130, 117, 50, 46, 66], multi-view
images provide a richer and denser signal, offering stronger cues for detailed surface geometry
estimation. Although OmniDiMM natively supports a broad range of input modalities for downstream
tasks, as demonstrated in Sec. F.1, we restrict the input in this experiment to raw multi-view RGB.
This design choice highlights the model’s practical utility by showing that it can extract robust 3D
spatial understanding directly from readily available real-world camera inputs.

We follow the architecture of DexGrasp Anything [130], replacing its Point Transformer [129] back-
bone with OmniDiMM while retaining the original training objective. We use the text-unconditioned
variant of DexGrasp Anything to ensure that grasp generation is driven solely by the visual features
extracted by OmniDiMM. These features then condition a U-Net [85], which iteratively denoises the
hand articulation parameters.

We present a quantitative comparison between OmniDiMM and task-specific baselines on the MultiDex
dataset [58] in Tab. 9. We first evaluate our method using standard DDPM sampling [36] at inference
time. Under this regime, the model achieves a near-zero success rate when subjected to external forces
along all axis-aligned directions. However, it maintains a high success rate under single-direction
perturbations. Together with the low penetration values, this suggests that vanilla sampling tends
to produce brittle, superficial contacts rather than robust, force-resistant grasps. In contrast, when
combined with the physics-guided sampler introduced by DexGrasp Anything [130], OmniDiMM
outperforms all task-specific baselines on the success metrics. The only metric on which our method
trails is grasp diversity, suggesting that the predicted distributions capture highly accurate but more
sharply concentrated modes of valid grasps than prior methods.

When interpreting these results, it is important to account for the differences in input modality
across the evaluated methods. Whereas the baseline models take sparse point clouds as their sole
input, OmniDiMM is conditioned primarily on dense multi-view RGB observations. In addition, the
physics-guided sampler iteratively refines the predicted hand parameter distribution using collision
and contact heuristics derived from an input point cloud. As a result, our full pipeline operates in
a richer multimodal setting, combining the dense geometric cues of multi-view images for global
feature extraction with the explicit spatial constraints provided by point clouds during sampling. We
provide additional qualitative grasp predictions in Fig. 20.

G Computational Resources

Training the final 1B version of OmniDiMM was done on 64 4xH200 120GB nodes for 7 days. Models
used in ablations that are trained for 500B tokens can be trained in 3.5 days on the same compute.

The tokenizers each took varying amounts of time to train. The UDF, Voxel, NeRF grid and ULIP-
2 tokenizers each took 24 hours to train on 8 A100 GPUs, while the partfield and NeRF weight
tokenizers required training on 6 4xH200 GPU nodes for 2 days. The 3DGS tokenizer took 12 hours
to train on 32 4xH200 GPU nodes.
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Figure 20: Additional sample grasps. Predictions by OmniDiMM on objects from MultiDex [58].

This research project used beyond the compute stated here through an extensive development period
of both the 3D tokenizers and the OmniDiMM model.

H Broader Impact

OmniDiMM is an any-to-any foundation model capable of natively operating across dimensions. We
have intentionally developed a general framework that can be re-employed by other practitioners
who wish to learn from cross-dimensional data. Previous large-scale multimodal models have been
adapted for scientific discovery [127, 73, 110, 76], and it is our hope that our generalization of the
data forms that can be accepted by any-to-any multimodal models will further this effort. We are
committed to open-sourcing our models, code, and data to enable broad interaction with our model
and framework.

As our model is capable of any-to-any prediction, it is inherently a generative model, and as such,
has the capacity to be used to develop content that may have negative societal impacts. While our
model is currently not likely to be capable of such harm due to the limitations brought on by its
smaller relative data and model scale, our proposed framework allows for generation from arbitrary
input forms, which may pose risks when scaled. Our model was trained on an open source dataset,
Objaverse-XL [20], and as such, the data that it has observed is public. We hope that this, along with
our commitment to open-sourcing our work, will provide transparency as to our model’s capabilities
and enable quick action if issues arise with the data used that are currently unknown to the community.
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